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ABSTRACT 

Student feedback plays a crucial role in evaluating teaching effectiveness, course quality, and 

overall academic experience. However, manually analyzing large volumes of textual feedback is 

time-consuming and prone to bias. With the rapid growth of educational institutions and digital 

feedback systems, there is a need for an automated and intelligent approach to analyze student 

opinions efficiently. 

This project presents a Student Feedback Sentiment Analysis system using Natural Language 

Processing (NLP) and Machine Learning (ML) techniques to automatically classify feedback into 

Positive, Negative, and Neutral categories. The proposed system processes raw student feedback 

text through several stages including text preprocessing, feature extraction using TF-IDF, and 

sentiment classification using college-safe machine learning algorithms such as Naive Bayes, 

Logistic Regression, and Support Vector Machine (SVM). 

The dataset consists of real student feedback collected at the college level. Experimental results 

show that the proposed approach achieves high accuracy and reliable sentiment classification 

performance. The system helps educational institutions identify strengths and weaknesses in 

teaching methodologies, course structure, and infrastructure, enabling data-driven decision-

making for academic improvement. 

Keywords: Student Feedback Analysis; Sentiment Analysis; Natural Language Processing; Machine 

Learning; Text Classification. 
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1. Introduction 

In recent years, educational institutions have increasingly relied on student feedback to evaluate 

academic performance, teaching quality, and curriculum effectiveness. Student feedback is typically 

collected in textual form through surveys, learning management systems, or online forms. While this 

feedback contains valuable insights, analyzing it manually becomes impractical when the volume of 

data grows. 

Sentiment Analysis, a subfield of Natural Language Processing (NLP), focuses on identifying and 

extracting opinions, emotions, and attitudes expressed in textual data. By applying sentiment analysis 

to student feedback, institutions can automatically classify opinions into positive, negative, or neutral 

sentiments, allowing administrators and educators to quickly understand student perceptions. 

Machine Learning techniques have proven effective in text classification problems. Algorithms such as 

Naive Bayes, Support Vector Machine, and Logistic Regression can learn patterns from labeled 
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feedback data and predict sentiment for new, unseen feedback. This project leverages these techniques 

to build an efficient and scalable student feedback sentiment analysis system. 

1.1 Motivation 

The motivation behind this project arises from the limitations of traditional feedback evaluation 

methods. Manual analysis is: 

➢ Time-Consuming 

➢ Subjective 

➢ Error-Prone 

➢ Difficult to scale 

With hundreds or thousands of students submitting feedback, institutions struggle to extract 

meaningful insights. Automated sentiment analysis provides a fast, unbiased, and scalable solution. 

By classifying feedback into Positive, Negative, and Neutral, educators can: 

➢ Identify areas needing improvement 

➢ Understand student satisfaction levels 

➢ Improve teaching strategies 

➢ Enhance overall academic quality 

This project aims to bridge the gap between raw textual feedback and actionable insights using NLP 

and ML techniques. 

2. Contribution 

The major contributions of this research are as follows: 

➢ Development of an automated student feedback sentiment analysis system. 

➢ Classification of feedback into Positive, Negative, and Neutral sentiments. 

➢ Use of NLP preprocessing techniques to improve text quality. 

➢ Use of NLP preprocessing techniques to improve text quality. 

➢ Performance evaluation using multiple metrics such as accuracy, precision, recall, F1-score, and 

confusion matrix. 

➢ Performance evaluation using multiple metrics such as accuracy, precision, recall, F1-score, and 

confusion matrix. 

3. Related work 

Sentiment analysis has been widely studied in the field of Natural Language Processing (NLP) and 

Machine Learning due to its applicability in social media analysis, customer reviews, opinion mining, 

and educational feedback systems. Early approaches to sentiment analysis were primarily lexicon-

based, where predefined dictionaries of positive and negative words were used to determine sentiment 

polarity. Although simple and interpretable, these approaches suffered from limitations such as 

inability to handle context, sarcasm, and domain-specific language. 

With the advancement of machine learning techniques, researchers began employing supervised 

learning algorithms for sentiment classification. Pang et al. demonstrated that traditional machine 

learning classifiers such as Naive Bayes, Support Vector Machines (SVM), and Maximum 

Entropy models outperform lexicon-based methods when trained on labeled datasets. Among these, 

http://www.ijtsrd.com/


International Journal of Trend in Scientific Research and Development @ www.ijtsrd.com eISSN:2456-6470 

 

  

Smart Innovations in Computer Science and Applications PAGE: 419 

 

Naive Bayes gained popularity due to its simplicity, low computational cost, and effectiveness in text 

classification tasks. 

Several studies have applied sentiment analysis specifically in the education domain. Researchers 

have analyzed student feedback to evaluate teaching quality, course effectiveness, and institutional 

performance. Machine learning- based sentiment analysis systems have been shown to significantly 

reduce the effort required for manual feedback analysis while providing consistent and objective 

results. TF-IDF has been commonly used for feature extraction as it effectively captures the 

importance of words in feedback text. 

Support Vector Machine (SVM) has been widely adopted in sentiment analysis research due to its 

ability to handle high-dimensional data and its strong generalization capability. Studies comparing 

SVM with Naive Bayes and Logistic Regression have reported that SVM often achieves higher 

accuracy, especially when dealing with balanced datasets and clear sentiment boundaries. Logistic 

Regression has also been favored in academic research because it provides probabilistic outputs and 

performs well on linearly separable text data. 

Recent research trends include the use of deep learning models such as Convolutional Neural 

Networks (CNN) and Long Short-Term Memory (LSTM) networks for sentiment analysis. These 

models automatically learn semantic representations from text and have achieved high accuracy on 

large-scale datasets. However, deep learning approaches require large annotated datasets, higher 

computational resources, and complex tuning, which may not be suitable for small or college-level 

datasets. 

In the context of student feedback analysis, several studies have highlighted that traditional machine 

learning models still perform competitively when combined with effective preprocessing and feature 

extraction techniques. For datasets with limited size and domain-specific language, machine learning 

classifiers such as Naive Bayes, Logistic Regression, and SVM provide reliable performance with 

lower complexity. 

Based on the literature review, it is evident that while deep learning models show promising results, 

machine learning- based sentiment analysis remains a practical and efficient solution for 

academic feedback systems. Therefore, this research focuses on implementing and comparing 

college-safe machine learning algorithms for student feedback sentiment analysis to achieve reliable 

performance with minimal computational overhead. 

4. Problem Statement 

With the increasing adoption of digital platforms in educational institutions, a large volume of student 

feedback is collected in textual form through online surveys, learning management systems, and 

feedback portals. This feedback contains valuable information regarding teaching effectiveness, course 

content, assessment methods, and institutional infrastructure. However, analyzing such unstructured 

textual data manually is a challenging task due to its large size, subjective nature, and time-consuming 

process. 

Traditional methods of feedback analysis often rely on manual reading and interpretation, which can 

lead to inconsistency, bias, and delayed decision-making. Moreover, manual analysis becomes 

impractical when feedback is collected from hundreds or thousands of students across multiple courses 

and departments. As a result, important insights may be overlooked, and timely improvements in 

academic quality may not be implemented. 

Another major challenge lies in the unstructured and diverse nature of student feedback. Students 

express opinions using informal language, abbreviations, spelling variations, and mixed sentiments 

within the same feedback. This makes it difficult to accurately interpret sentiment using simple 

keyword-based or rule-based approaches. Additionally, student feedback may contain neutral opinions 

that are neither clearly positive nor negative, which further complicates classification. 
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Existing sentiment analysis solutions often focus on binary classification (positive or negative), which 

is insufficient for academic feedback analysis where neutral sentiments play a significant role. 

Furthermore, advanced deep learning approaches, although powerful, require large labeled datasets 

and high computational resources, making them unsuitable for college-level implementations with 

limited data availability. 

Therefore, there is a need for an automated, efficient, and scalable sentiment analysis system that 

can accurately process student feedback and classify it into Positive, Negative, and Neutral 

categories. The system should be capable of handling noisy textual data, require minimal 

computational resources, and provide reliable results suitable for real- world academic environments. 

 

Fig 1. Block diagram of the proposed model 

The block diagram represents the overall workflow of the Student Feedback Sentiment Analysis 

System. The system is designed to automatically analyze student feedback and classify it into Positive, 

Neutral, and Negative sentiments using Natural Language Processing (NLP) and Machine Learning 

techniques. 

Student Feedback (College Data) 

The process begins with student feedback collected from college sources such as online feedback 

forms, surveys, or questionnaires. This feedback is provided in textual format and is unstructured in 

nature. 

Data Collection 

In this stage, the raw feedback data is gathered and stored in a structured format such as CSV files or 

databases. This collected data serves as the input for further processing and analysis. 

Text Preprocessing 
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Since the collected feedback contains noise such as punctuation, stopwords, and inconsistent text 

formats, preprocessing is performed to clean and normalize the data. This includes: 

➢ Converting text to lowercase 

➢ Removing stopwords 

➢ Tokenization of text into words 

➢ Lemmatization to convert words into their base form 

➢ Removing special symbols and unwanted characters 

Text preprocessing improves the quality of data and enhances the performance of machine learning 

models. 

Feature Extraction 

After preprocessing, the cleaned text is converted into numerical form using TF-IDF (Term 

Frequency–Inverse Document Frequency) vectorization. This step transforms textual data into 

feature vectors that represent the importance of words in student feedback. 

Data Splitting 

The extracted features are divided into three datasets: 

➢ Training set (60%) – used to train machine learning models 

➢ Validation set (20%) – used to tune model parameters 

➢ Testing set (20%) – used to evaluate final model performance 

Machine Learning Models 

The system applies multiple machine learning classifiers such as: 

➢ Naive Bayes 

➢ Logistic Regression 

➢ Support Vector Machine (SVM) 

These models are trained on the training dataset to learn patterns in student feedback related to 

sentiment. 

Sentiment Classification 

Based on the trained models, the system classifies each feedback into one of the following categories: 

➢ Positive – expressing satisfaction or appreciation 

➢ Neutral – neither positive nor negative opinion 

➢ Negative – expressing dissatisfaction or criticism 

This classification helps institutions understand student opinions effectively. 

Performance Evaluation 

Finally, the performance of the system is evaluated using standard metrics such as: 

➢ Accuracy 

➢ Precision 

➢ Recall 

➢ F1-score 
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➢ Confusion Matrix 

These metrics help measure the effectiveness and reliability of the sentiment analysis system. 

5. Data Description 

The dataset used in this research consists of student feedback collected from a colleges environment 

through structured feedback forms and surveys. The feedback reflects students’ opinions regarding 

various academic aspects such as teaching quality, course content, learning resources, assessment 

methods, and overall classroom experience. The dataset is textual in nature and contains unstructured 

sentences written in natural language. 

Each record in the dataset includes two main attributes: 

➢ Feedback Text – a sentence or paragraph expressing the student’s opinion. 

➢ Sentiment Label – the corresponding sentiment category assigned to the feedback, namely 

Positive, Neutral, or Negative. 

The feedback data was collected anonymously to encourage honest responses from students and to 

avoid any personal bias. Due to the informal nature of student responses, the dataset contains 

variations in sentence length, grammar, spelling errors, abbreviations, and mixed expressions. This 

diversity makes the dataset suitable for evaluating the robustness of the proposed sentiment analysis 

system. 

Before model training, the dataset was manually reviewed and labeled into three sentiment classes 

based on the overall polarity of the feedback. Feedback expressing satisfaction, appreciation, or 

positive learning experiences was labeled as Positive. Feedback indicating dissatisfaction, complaints, 

or negative experiences was labeled as Negative. Feedback that was factual, descriptive, or did not 

convey a clear opinion was labeled as Neutral. 

To ensure effective model training and unbiased evaluation, the dataset was divided into three subsets: 

➢ Training Set (60%) – used to train the machine learning models 

➢ Validation Set (20%) – used for tuning and model selection 

➢ Testing Set (20%) – used for final performance evaluation 

This data partitioning strategy helps prevent overfitting and ensures that the trained models generalize 

well to unseen feedback. 

The dataset size is suitable for college-level machine learning experiments, allowing the use of 

traditional classification algorithms such as Naive Bayes, Logistic Regression, and Support Vector 

Machine. The dataset provides a realistic representation of student opinions and serves as a reliable 

foundation for sentiment classification and academic performance analysis. 

6. Test Preprocessing 

Text preprocessing is a crucial step in sentiment analysis as raw student feedback data is often noisy, 

unstructured, and inconsistent. Student responses may include spelling errors, abbreviations, informal 

language, punctuation, and unnecessary symbols, which can negatively impact the performance of 

machine learning models. Therefore, effective preprocessing is applied to clean and normalize the 

textual data before feature extraction. 

Lowercasing 

All feedback text is converted to lowercase to maintain uniformity. This prevents the model from 

treating words such as “Good” and “good” as different features, thereby reducing feature redundancy. 
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Removal of Punctuation and Special Characters 

Punctuation marks, numbers, and special characters do not contribute significantly to sentiment 

detection in student feedback. These elements are removed to reduce noise and improve the quality of 

text representation. 

Tokenization 

Tokenization is the process of breaking text into smaller units called tokens, typically individual 

words. Tokenization helps in analyzing the structure of sentences and allows further processing steps 

to be applied at the word level. 

Stopword Removal 

Stopwords are commonly used words such as “is”, “the”, “and”, and “was” that do not carry 

significant sentiment information. These words are removed using predefined stopword lists to reduce 

dimensionality and improve classification efficiency. 

Lemmatization 

Lemmatization converts words into their base or dictionary form. For example, “teaching”, “teaches”, 

and “taught” are reduced to “teach”. This step helps in grouping similar words and improves the 

generalization capability of machine learning models. 

Whitespace Normalization 

Extra spaces and line breaks present in feedback text are removed to ensure consistency in text 

formatting and avoid unnecessary tokens during feature extraction. 

Handling Empty and Short Feedback 

Feedback entries that are empty or extremely short (containing very few words) are removed, as they 

do not provide sufficient information for sentiment classification and may introduce bias. 

Importance of Text Preprocessing 

Effective text preprocessing significantly improves the performance of sentiment analysis models by 

reducing noise, minimizing feature sparsity, and enhancing meaningful pattern extraction. Cleaned and 

normalized text enables accurate feature extraction using TF-IDF and leads to better classification 

results when applied to machine learning algorithms. 

7. Feature Extraction 

Feature extraction is a critical stage in the sentiment analysis process, as machine learning algorithms 

require numerical input rather than raw textual data. After text preprocessing, the cleaned student 

feedback must be transformed into a structured numerical representation that captures the importance 

of words and their contribution to sentiment classification. 

In this research, Term Frequency–Inverse Document Frequency (TF-IDF) is used as the primary 

feature extraction technique. TF-IDF is a widely adopted method in text mining and sentiment analysis 

due to its effectiveness in representing textual information while reducing the impact of commonly 

occurring words. 

Term Frequency (TF) 

Term Frequency measures how frequently a word appears in a given feedback document. It reflects the 

importance of a term within a single feedback entry. Words that appear more frequently in a document 

are assumed to have greater influence on the sentiment expressed by the student. 

TF(t,d)=Number of times term t appears in document dTotal number of terms in document dTF(t, 

d)=\frac{\text{Number of times term } t \text{ appears in document } d}{\text{Total number of terms 
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in document } d}TF(t,d)=Total number of terms in document dNumber of times term t appears in 

document d 

Inverse Document Frequency (IDF) 

Inverse Document Frequency measures how important a word is across the entire dataset. Words that 

appear in many feedback entries, such as common academic terms, receive lower weights, while words 

that are unique or less frequent receive higher importance. 

 

where NNN is the total number of feedback documents and df(t)df(t)df(t) is the number of documents 

containing the term ttt. 

TF-IDF Weighting 

TF-IDF combines both Term Frequency and Inverse Document Frequency to assign a weight to each 

term. This ensures that words which are frequent in a particular feedback but rare across the dataset 

receive higher importance. 

 

The resulting TF-IDF vectors represent each feedback entry as a high-dimensional numerical feature 

vector. 

Vector Representation 

After applying TF-IDF, each student feedback is converted into a numerical vector where each 

dimension corresponds to a specific term from the vocabulary. This transformation enables machine 

learning algorithms to process and analyze textual data effectively. 

Advantages of Using TF-IDF 

➢ Reduces the impact of commonly occurring, less informative words 

➢ Highlights sentiment-bearing terms in feedback 

➢ Suitable for small to medium-sized datasets 

➢ Computationally efficient and easy to implement 

➢ Widely accepted in academic and industry research 

Suitability for Student Feedback Analysis 

TF-IDF is particularly suitable for student feedback analysis because feedback data often contains 

repeated academic terms. By weighting terms based on importance, TF-IDF helps identify meaningful 

words that influence sentiment classification. This improves the accuracy of machine learning models 

such as Naive Bayes, Logistic Regression, and Support Vector Machine. 

8. Machine Learning Models Used 

In this research, traditional supervised machine learning algorithms are employed to classify student 

feedback into Positive, Neutral, and Negative sentiment categories. These models are selected due to 

their proven effectiveness in text classification tasks, ease of implementation, and suitability for 

college-level datasets with limited size. The following classifiers are used in the proposed system. 

Naive Bayes Classifier 

Naive Bayes is a probabilistic classification algorithm based on Bayes’ theorem with the assumption of 

conditional independence among features. Despite its simplicity, Naive Bayes performs efficiently in 

text classification problems, particularly when dealing with high-dimensional data such as TF-IDF 

feature vectors. 

http://www.ijtsrd.com/


International Journal of Trend in Scientific Research and Development @ www.ijtsrd.com eISSN:2456-6470 

 

  

Smart Innovations in Computer Science and Applications PAGE: 425 

 

The classifier calculates the probability of a sentiment class given the feedback text and assigns the 

class with the highest probability. Due to its low computational cost and fast training time, Naive 

Bayes is widely used in sentiment analysis applications. 

Advantages: 

➢ Simple and easy to implement 

➢ Works well with high-dimensional sparse data 

➢ Fast training and prediction 

➢ Suitable for small and medium datasets 

Logistic Regression 

Logistic Regression is a discriminative machine learning model used for classification tasks. It 

estimates the probability of a feedback belonging to a particular sentiment class using a logistic 

(sigmoid) function. In this research, Logistic Regression is used in a multi-class setting to classify 

feedback into three sentiment categories. 

Logistic Regression performs well when features are linearly separable and provides interpretable 

probability outputs. When combined with TF-IDF features, it offers stable and reliable classification 

performance. 

Advantages: 

➢ Provides probabilistic predictions 

➢ Handles multi-class classification effectively 

➢ Less prone to overfitting with regularization 

➢ Easy to interpret and explain 

Support Vector Machine (SVM) 

Support Vector Machine is a powerful supervised learning algorithm that constructs an optimal 

decision boundary to separate different sentiment classes. SVM is particularly effective for text 

classification because it handles high- dimensional feature spaces efficiently. 

In this project, SVM is used with a linear kernel, which is well-suited for TF-IDF-based text data. The 

model aims to maximize the margin between different sentiment classes, resulting in improved 

generalization performance. 

Advantages: 

➢ Effective in high-dimensional spaces 

➢ Robust to overfitting 

➢ Provides high accuracy for text classification 

➢ Performs well even with limited training data 

Model Selection Justification 

The selected machine learning models provide a balance between accuracy, interpretability, and 

computational efficiency. Unlike deep learning models, these algorithms do not require large datasets 

or specialized hardware, making them ideal for college-level implementations. 

By comparing the performance of Naive Bayes, Logistic Regression, and SVM, the proposed system 

identifies the most suitable model for student feedback sentiment analysis based on evaluation metrics 

such as accuracy, precision, recall, and F1-score. 
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9. Performance Metrics 

Performance evaluation is a crucial step in assessing the effectiveness and reliability of the proposed 

student feedback sentiment analysis system. To measure how accurately the machine learning models 

classify feedback into Positive, Neutral, and Negative categories, several standard evaluation metrics 

are used. These metrics provide a comprehensive understanding of model performance beyond simple 

accuracy. 

Accuracy 

Accuracy measures the overall correctness of the classification model. It represents the ratio of 

correctly classified feedback instances to the total number of feedback instances. 

 

Accuracy provides a general overview of model performance; however, it may not be sufficient when 

dealing with imbalanced datasets. 

Precision 

Precision measures the correctness of positive predictions made by the model. It indicates how many 

of the feedback instances classified as a particular sentiment are actually correct. 

 

High precision ensures that the model does not incorrectly classify neutral or negative feedback as 

positive. 

Recall 

Recall, also known as sensitivity, measures the ability of the model to correctly identify all relevant 

feedback instances of a particular sentiment class. 

 

High recall indicates that the model successfully captures most of the actual positive, neutral, or 

negative feedback without missing important instances. 

F1-Score 

The F1-score is the harmonic mean of precision and recall. It provides a balanced evaluation metric, 

especially useful when there is an uneven distribution of sentiment classes. 

 
A higher F1-score indicates better overall classification performance. 

Confusion Matrix 

A confusion matrix is a tabular representation of actual versus predicted sentiment classes. It provides 

detailed insight into classification errors by showing how many feedback instances are correctly or 

incorrectly classified for each sentiment category. 

Actual \ Predicted Positive Neutral Negative 

Positive TP FN FN 

Neutral FP TP FN 

Negative FP FP TP 
 

The confusion matrix helps identify misclassification patterns and areas for model improvement. 

Importance of Performance Metrics 

Using multiple performance metrics ensures a reliable and fair evaluation of the sentiment analysis 

system. While accuracy provides an overall performance measure, precision, recall, and F1-score offer 
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deeper insights into class-wise prediction quality. These metrics collectively help in selecting the most 

suitable machine learning model for student feedback sentiment analysis. 

10. Result and Analysis 

This section presents the experimental results obtained from the implementation of the Student 

Feedback Sentiment Analysis System and provides a detailed analysis of the performance of the 

applied machine learning models. The objective of this analysis is to evaluate the effectiveness of the 

proposed approach in classifying student feedback into Positive, Neutral, and Negative sentiment 

categories. 

Experimental Setup 

The experiments were conducted using the Python programming language with standard machine 

learning libraries. The preprocessed student feedback data was transformed into numerical features 

using the TF-IDF vectorization technique. The dataset was divided into training (60%), validation 

(20%), and testing (20%) subsets. Three supervised machine learning classifiers—Naive Bayes, 

Logistic Regression, and Support Vector Machine—were trained and evaluated using the same dataset 

to ensure fair comparison. 

Model Performance Comparison 

Each classifier was evaluated using performance metrics such as accuracy, precision, recall, and F1-

score. The results indicate that all three models were capable of effectively classifying student 

feedback; however, variations in performance were observed across different models. 

➢ Naive Bayes demonstrated fast training and acceptable accuracy, making it suitable for baseline 

sentiment classification. However, its strong independence assumption sometimes led to 

misclassification of complex or mixed-sentiment feedback. 

➢ Logistic Regression provided improved performance over Naive Bayes, particularly in 

distinguishing neutral feedback from positive and negative classes. Its probabilistic nature helped 

in achieving balanced precision and recall. 

➢ Support Vector Machine (SVM) achieved the highest overall accuracy and F1-score among the 

tested models. The ability of SVM to handle high-dimensional TF-IDF features and maximize the 

margin between sentiment classes resulted in better generalization and reduced misclassification. 

Analysis Using Confusion Matrix 

The confusion matrix analysis revealed that most misclassifications occurred between neutral and 

positive feedback, as students often express opinions in a subtle or factual manner. Negative feedback 

was classified more accurately due to the presence of strong sentiment-bearing words. SVM showed 

fewer misclassification errors compared to the other models, indicating its robustness in handling 

overlapping sentiment patterns. 

Impact of Text Preprocessing and Feature Extraction 

The results clearly indicate that effective text preprocessing and TF-IDF-based feature extraction 

significantly improved classification performance. Removal of noise, normalization of text, and proper 

weighting of terms helped the models focus on meaningful sentiment-related features. Without 

preprocessing, a noticeable drop in accuracy was observed during preliminary experiments. 

Overall Observations 

The experimental results confirm that traditional machine learning algorithms, when combined with 

appropriate preprocessing and feature extraction techniques, can achieve reliable performance in 

student feedback sentiment analysis. Although deep learning models were not used in this research, the 

achieved results demonstrate that machine learning-based approaches are sufficient and efficient for 

college-level datasets. 
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Result Summary 

Among the three models evaluated, Support Vector Machine (SVM) emerged as the most effective 

classifier for the given dataset, followed by Logistic Regression and Naive Bayes. The findings 

support the feasibility of implementing an automated sentiment analysis system for academic feedback 

to assist institutions in data-driven decision-making. 

 

11. Conclusion and Future Work Conclusion 

This research presented an automated Student Feedback Sentiment Analysis System using Natural 

Language Processing and Machine Learning techniques. The primary objective of the study was to 

analyze unstructured student feedback and classify it into Positive, Neutral, and Negative sentiment 

categories in order to assist educational institutions in understanding student opinions effectively. 

The proposed system followed a structured workflow consisting of data collection, text preprocessing, 

TF-IDF-based feature extraction, and sentiment classification using supervised machine learning 

models. Traditional classifiers such as Naive Bayes, Logistic Regression, and Support Vector 

Machine (SVM) were implemented and evaluated to determine their effectiveness in sentiment 

classification. 

Experimental results demonstrated that all three models were capable of classifying student feedback 

with acceptable accuracy. Among them, Support Vector Machine (SVM) achieved the best overall 

performance in terms of accuracy, precision, recall, and F1-score. The effectiveness of the system 

highlights the importance of proper text preprocessing and feature extraction in improving sentiment 

classification results. 

The proposed approach significantly reduces the manual effort required to analyze large volumes of 

feedback and provides consistent, unbiased insights. By automating feedback analysis, the system 

enables academic institutions to make data-driven decisions to improve teaching quality, course 

structure, and overall academic performance. 
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Overall, the research confirms that machine learning-based sentiment analysis is a practical and 

efficient solution for academic feedback analysis, especially when working with limited datasets in a 

college-level environment. 

Future Work 

Although the proposed system delivers reliable results, several enhancements can be explored to 

further improve its performance and applicability: 

➢ Aspect-Based Sentiment Analysis 

Future work can focus on identifying sentiments related to specific aspects such as teaching methods, 

course content, examinations, and infrastructure instead of analyzing overall sentiment only. 

➢ Deep Learning Models 

Advanced models such as Convolutional Neural Networks (CNN) and Long Short-Term Memory 

(LSTM) networks can be implemented to capture deeper semantic relationships in feedback when 

larger datasets are available. 

➢ Multilingual Feedback Support 

The system can be extended to analyze feedback written in multiple languages, enabling broader 

adoption in diverse educational environments. 

➢ Real-Time Feedback Analysis 

Integration of real-time dashboards and visualization tools can help administrators monitor sentiment 

trends continuously. 

➢ Automated Feedback Summarization 

Future enhancements may include summarizing feedback automatically to highlight key strengths and 

areas of improvement. 

➢ Deployment as a Web Application 

The system can be deployed as a web-based or mobile application for practical use by institutions 
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